Lithium-ion battery has been widely applied in various industrial fields including electrical vehicles (EVs), portable electronics and spacecraft. As the key part of the power supply system, the health state of the battery directly influence the reliability and safety of the host system. The degradation feature extraction approach is the vital part for battery state of health (SOH) estimation. The lithium-ion battery can be equalized as an electric circuit consists of a current source and several capacitances and resistances. These parameters varies based on the battery state of charge (SOC) and SOH. In other words, the battery performance degradation leads to the variation of the parameters in battery equivalent circuit model (ECM) which will directly influence the battery transfer function. Thus, this paper quantitative analysis of degradation characterization capability of parameters in battery equations. For the first-order ECM, the transfer function is established and the parameters are identified based on the battery hybrid pulse power characteristic test. Three different kinds of correlation analysis methods are applied in to evaluate the effectiveness of the parameters in transfer function for degradation representation.
Introduction
With the significant advantages including high energy density, high discharge voltage and long cycle life [1] , lithium-ion battery has become the most promising energy storage component in various industry fields such as smart grids, electrical vehicles (EVs), space applications [2] , etc. The battery state of health (SOH) has drawn much attention since the battery working state directly impacts on the reliability and safety of the host system. Degradation feature extraction is the vital part for battery degradation modeling and health state assessment. Battery actual capacity and its impendence
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2 Copyright © by ICEIV are able to reflect the battery degradation directly, i.e. the battery is defined to be failed when its actual capacity is less than the 80% of its rated capacity [3] . However, these direct degradation features may unmeasurable for some certain applications such as EVs and satellites [4] . This makes it harder to estimate the state of health as well as predict the remaining useful life (RUL) of the lithium-ion battery.
Some studies has been conducted for battery degradation feature extraction. These approaches can be roughly divided into two parts, the physical-based degradation feature extraction methods and data-driven degradation feature identification approaches.
With the battery being charged and discharged, the inside variations on materials, chemical reaction rates, and physical structure changes will reflect to its outside measurable parameters including voltage, current, and temperature. The physical-based degradation feature extraction methods focusing on identifying the battery physical degradation features. Wei et al. [5] proposed a parameter dynamic updating method based on the battery equivalent circuit model (ECM). The Lyapunov function was applied in this method. With the battery performance degrading gradually, the parameters were corrected to estimate the battery state of charge (SOC) more accurately. Chen et al. [6] established a linear relationship between the battery capacity and the battery ohmic resistance. The ohmic resistance was identified based on the battery NEDC test with recursive least square (RLS) algorithm. Besides the ECM model, the pseudo two dimension (P2D) model are also applied in battery degradation modeling. Xiong et al. [7] built an electrochemical model for battery aging recognition. The mathematical equations in the model were solved by finite analysis method and the numerical computation method. Li et al. [8] developed a single particle model for lithium-ion battery SOH estimation. The solid electrolyte interface (SEI) layer formation was coupled with crack propagation to indicate the capacity and power fade of the lithium-ion battery.
At the same time, some other researchers extracted the battery degradation feature from the voltage, current samples directly. Hu et al. [9] focused on the degradation features implicate in the battery charge phase. Liu et al. [10] extracted 10 different kinds of degradation features based on the battery voltage and current samples. These degradation features were fused by kernel principle component analysis (KPCA) to enhance the adaptability to the operation condition variation. Sample Entropy has also been proved as an effective approach in battery degradation feature extraction [11] . Hu et al. [12, 13] used the sample entropy to extract the battery degradation feature from its terminal voltage. The battery SOH were further estimated based on this degradation feature.
Model-based degradation features have higher interpretability. These features can be used to reflect the battery inside reactions. However, parameters in the battery model are sensitive to the operation conditions. Some extra tests are required to identify and update these parameters. These obstacles directly limit the applicability of model-based methods. Compared with model-based approaches, data-driven degradation feature extraction methods has higher adaptability to battery operation conditions. But the physical meanings of these features are not clear.
Focusing on these challenging issues, this paper proposed a numerical study on degradation feature based on the transfer function of the battery ECM model. The parameters in the transfer function are identified based on the RLS algorithm. Three different correlation analysis methods including the Pearson correlation coefficient, Kendall rank correlation coefficient, and Spearman's rank correlation coefficient are used to select the most effective degradation indicator from the parameters in the battery transfer function as well as the corresponding SOC area. This work proposed a battery degradation feature extraction approach.
The rest parts of this paper are organized as follows. The lithium-ion battery ECM model and the parameter identification method are described in Sect. 2. Three Correlation analysis methods are introduced in Sect. 3. Section 4 shows the experimental results and the discussion. The whole paper is concluded in Sect. 5.
Battery model

Equivalent Circuit Model
ECM model regards the lithium-ion battery as a circuit with a current source and serial or parallel connected resistances and capacitances. The Rint model, PNGV model, and Thevenin model are all widely applied to estimate the battery SOC in real applications [14] . This work is focusing on the Thevenin model consists of a basic Rint model and a parallel RC network. The Thevenin model is given as Fig. 1 According to the Thevenin model, the battery electric behavior can be described as,
Parameter Identification
Four parameters should be identified in (1) 
The discrete form of (3) can be represented as,
where 2 ( )
in (6), and then G( ) s can be expressed as,
Therefore, assume k represents the th k sample point, equation (7) can be represented as, 
According to (9) , the RLS algorithm can be applied to identify the parameters 
Correlation Analysis Methods
Three kinds of correlation analysis methods are applied in this paper to evaluate the performance of the transfer function based degradation feature. These methods include Pearson correlation coefficient, Kendall rank correlation coefficient, and Spearman's rank correlation coefficient.
Pearson correlation coefficient analyzes the linear correlation of two vectors. Suppose the two vectors are named as X and Y , the Pearson correlation coefficient can be obtained as, 
Experimental Results and Discussion
Data Description and Evaluation Criteria
Three lithium-ion battery are tested under the random operation conditions and name as RW9, RW10 and RW11 [15] . The electric current for battery charge and discharge are randomly set between -4.5 A to 4.5 A.
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Parameter Identification Method Evaluation
The parameters in the battery transfer equation are identified based on the RLS algorithm. The performance of this parameter identification method is evaluated first based on the mean absolute error ( MAE ), max error ( max E ), and root mean square error ( RMSE ) are used to evaluate the performance. The definition of each criteria are given as follows,
where n V is the real terminal voltage of a lithium-ion battery while ˆn V is the estimated voltage. The discharge voltage estimation curve of cell RW9 is given in Fig. 3 . The evaluation criteria of each cell are listed in Table 1 . 
Degradation Feature Approach Evaluation
Based on the RLS algorithm, the parameters in battery transfer equation can be identified. The parameters of RW9 in different cycle are given as Fig. 3 . 
